Abstract-The geometric shape of the human cerebral cortex is characterized by its complex and variable folding patterns. This pattern can be described at different scales from local scale such as curvature to global scale such as gyrification index or spherical wavelet. This paper presents a parametric folding pattern descriptor at the meso-scale of a cortical surface patch. The patch is represented by Bezier Control Points after the Bezier surface parameterization, and the grid coordinates of these points, called BCP image, are used to describe the patch's folding pattern. Based on the intensity pattern of the BCP image, surface patches are classified into different patterns using both model-driven and data-driven clustering approaches. Our experimental results demonstrated that the BCP image is quite effective and efficient in representing the folding pattern of a cortical surface patch.
Introduction
The geometry of the human cerebral cortex is very complex and variable across individuals. An essential characteristic of cortical geometry is its folding. Although the mechanisms of cortical folding are still largely unknown [1] , it was reported that cortical folding pattern is a good predictor of brain function [2] . Hence, development of cortical folding pattern descriptors may potentially contribute to automated segmentation and recognition of brain anatomies, as well as to the mapping of brain structure and its function. There already exist a few cortical folding descriptors in the literature, e.g., curvature [3] , gyrification index [4] , and spherical wavelet [5] . These folding descriptors have their own advantages and are already applied in many research and clinical studies [16, 17] . This paper presents a parametric folding pattern descriptor for the cortex at the meso-scale of primitive surface patch. The key idea of this descriptor is that we encode geometric shape pattern information of a surface patch by the parametric Bezier surface representation. In the proposed method, a meso-scale triangulated surface patch is reparameterized by the Bezier surface [6] , which has been widely used in the computer graphics and computational geometry communities. Then, the coordinates of the estimated Bezier Control Points (BCP) are used to generate an image, called BCP image, to encode the surface patch shape. Based on the intensity patterns of the BCP image, cortical surface patches can be classified into different primitive patterns. Fig.1 provides an overview of the proposed method. An important contribution of the BCP image representation is that the analysis of surface patch folding pattern is converted into the problem of image pattern classification, which has been extensively studied in the computer vision and pattern recognition community and there are many readily usable algorithms and tools for image pattern analysis [11, 12] . Our experiment results demonstrate that the BCP image representation is a promising shape descriptor for cortical surface folding pattern.
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Bezier surface
Bezier surface is a parametric representation of a surface using a set of control points. For example, (n+1) * (m+1) control points can define a Bezier surface with the order of (n, m). By introducing two parameters u and v that correspond to the distances of two perpendicular directions, the cubic Bezier surface can be described as:
where P(u, v) are the control points, and B m,i (u) and B n,j (v) are the i-th and j-th Bézier basis functions in the u-and vdirections, respectively. These basis functions [6] are defined as follows: Fig.2(a) shows the relationship between the parametric Bezier surface (left) and its control points (right). In this figure, there are 16 Bezier control points, and all of other vertices on the parametric surface are interpolated using Eq.(1) and Eq. (2) . Apparently, the positions of the control points will, together with the interpolation basis function, determine the overall shape of the surface. This property motivates us to utilize the set of Bezier control points as a compact descriptor of folding shape pattern. 
Bezier control point estimation
To estimate the Bezier control points of a surface patch, we have several steps summarized as follows. First, we reconstructed geometrically accurate and topologically correct cortical surfaces from volumetric brain MRI images [7] . The cortical surfaces were obtained by using the marching cubes algorithm and represented by triangulated mesh. Fig.2 (b) shows a visualization of the cortical surface and an extracted patch. Then, the triangulated surfaces were re-meshed to quadrilateral mesh using the tool in [8]because the Bezier control point estimation algorithm we adopted is based on quadrilateral mesh [9] . The essence of this re-meshing algorithm is to construct a global parameterization of the original triangle mesh that minimizes the geometric distortion. This step transforms a 3D re-meshing problem to a 2D one. Then, a planar regular quadrilateral mesh was created whose boundary coincides with the 2D parameterized triangle mesh. The vertices of the planar quadrilateral mesh were shifted back to 3D mesh space, and a 3D quadrilateral re-meshing of the original triangle mesh was generated. Fig.3 shows an example of the quadrilateral re-meshing result. More details of quadrilateral re-meshing are referred to [14] . For a surface patch represented by the quadrilateral mesh, we adopted the algorithm in [9] to estimate the Bezier control points in the following three steps. 1) The geometric center of the surface patch was estimated by taking the maximum and minimum value in each axis x, y, and z and then dividing them by two. The center of mass was estimated by summing entire surface points. 2) A cylindrical coordinate system was developed based on the estimated center of the surface patch. The z axis was determined by the normal direction of the central point.
3) The estimation of Bezier control points from the quadrilateral mesh data points was formulated as an inverse problem. The Moore-Penrose pseudo-inverse matrix method was applied to provide a least mean square error solution to this inverse problem [13] .
BCP Image
There are several important properties for the Bezier control points that need noticing. First, the estimated set of Bezier control points from a quadrilateral mesh is unique, which was already proven in [15] . This uniqueness property is very important for the following steps to extract unique shape descriptors based on the estimated Bezier control points. Second, the Bezier surface is invariant when affine transforms are applied to either the control points or parameterized surface [9] . This affine-invariance property means that the extracted shape descriptor based on Bezier control points will also be affine-invariant. Third, the displacements of the control points will change the Bezier surface shape globally. Therefore, the Bezier control points can effectively represent the overall shape information of a surface. These three nice properties of Bezier control points motivate us to use them for shape description of surface patches.
i m j n
With the estimated Bezier control points, we utilize their z coordinates in the cylindrical coordinate system to compose an image, called BCP (Bezier Control Points) image. That is, the z coordinate of each point in the Bezier control point grid corresponds to the intensity of an image grid point, as illustrated in Fig.4(a) . As the z coordinates of control points will largely determine the shape of the parametric Bezier surface, this BCP image is a very information-rich descriptor for representing the surface shape. Take a Bezier surface patch with 16 control points as an example, we will have a 4*4 image, in which the intensity of each image pixel represents the z-axis value of its corresponding control point in the cylindrical coordinate system. Fig.4(b) and 4(c) shows an example of BCP image and its quadrilateral surface mesh. It is evident in Fig.4(c) that the surface patch shape information is encoded by the intensity distribution in the BCP image. 
BCP Image Pattern Classification
Model driven classification
We have applied the BCP image representation to classify the folding shapes of cortical surface patches into 8 primitive patterns including peak, pit, ridge, valley, saddle ridge, saddle valley, flat, and inflection as shown in Fig.5 . This classification approach is similar to that in [14] . As shown in Fig.5 , the BCP image intensity patterns are quite descriptive of the folding shape patterns of those surface patches. For example, the BCP image for the ridge pattern has dark pixels on the top and bottom rows, corresponding to the two bottom edges of the ridge shape. The BCP image intensity pattern for the valley is exactly reversed from that of ridge, that is, it has bright pixels on the top and bottom rows. Similarly, the BCP image intensity patterns of pit and peak are also reversed. Evidently, the distinct 8 BCP image patterns corresponding to the 8 shape patterns demonstrate that the BCP image is a quite effective representation. 
BCP image pattern classification based on LLP projection
In the computer vision and pattern recognition areas, there are already a variety of established image pattern classification methods such as the Eigenface method [11] and the Laplacianface method [12] for face image classifications. In this paper, we employed the Laplacianface approach, which was originally developed as an appearance-based face recognition method [12] , to represent and classify BCP images. The essence of this approach is to map the original BCP images space to a subspace expanded by the eigenfunctions of the Laplace Beltrami operator on the BCP manifold using Locality Preserving Projections (LPP). Compared to Principal Component Analysis (PCA) or Linear Discriminant Analysis (LDA) methods that are based on the face Euclidean structure, the LPP approach finds an embedding that preserves local information, and obtains a subspace that best describes the essential BCP image manifold structure. This mapping also significantly reduces the features' dimension. As a result, the unwanted errors or variations in the Bezier control point estimation will be reduced or eliminated during the LPP projection, while the essential folding information and local relationships between Bezier control points are preserved after the LPP projection. More details of the LPP projection method are referred to [12] .
The classification of BCP image patterns is performed in two steps. We first approximate the eigen functions with Laplacian features through a training step, and BCP images are represented by these basic Laplacian features in the subspace. Then, we apply a nearest neighbor classifier on the mapped BCP features for any testing case of BCP image. Before the LPP projection and recognition procedures, original BCP images are normalized, as mentioned in [12] .
Results
To evaluate the performance of the proposed BCP image method for folding pattern representation and the LPP projection based pattern classification method, we generated a synthesized dataset of folding surface patches. Based on the 8 primitive folding patterns and their corresponding BCP images shown in Fig.5 , we randomly generate 1000 surface patches for each pattern by adding noises to the coordinates of control points. So totally, we have 8000 surface patches in this synthesized dataset. Here, the noise level is defined as:
The data-driven classification method based on the LPP projection was applied to represent and recognize the 8000 synthesized surface patches with 8 patterns. Fig.6 shows the classification accuracies under different noise levels for eight patterns of BCP images in Fig.5 . As can be seen from Fig.6 , the classification accuracy is consistently over 95% for all of the 8 patterns with the noise levels of 20%, 40%, 60% and 80%, indicating the relatively good performance of the LPP projection based method in classifying different surface patch patterns. Even with 200% noise added, the average accuracy of the classification method is still over 80%. These results demonstrate that the BCP image is quite effective in representation of folding shape pattern and the LPP projection method is quite accurate in recognition of those patterns. Fig.6 . Accuracy of the LPP projection classification method on synthesized data. G1-G8 correspond to peak, pit, ridge, valley, saddle ridge, saddle valley, flat, and inflection group respectively. For each pattern group, recognition was performed at seven different noise levels.
Also, we used the BCP image representation and the LPP projection based pattern classification method to classify surface patches extracted from human cortical surfaces. 40 cortical surface patches were manually extracted from gyri and sulci regions and labeled as the ground-truth. These patches were represented by the BCP images and the LPP projection method was used to recognize those 40 gyri or sulci patches. Our results show that the recognition accuracy is 80.33% for gyri patches and 95.08% for sulci patches. Fig.7 shows examples of the extracted cortical gyri and sulci patches and their corresponding BCP images. Our future work will include larger scale of manual labeling of different cortical folding patterns and further evaluation of the BCP image representation and the LPP recognition methods. Fig.7 . Examples of the extracted cortical gyral and sulcal patches and their corresponding BCP images.
Finally, we use BCP image to classify three main types of sulcus: central sulcus, superior temporal sulcus and postcentral sulcus. We manually extracted 150 subjects, 50 for each category, and generated the BCP images for classification. Fig.8 shows examples of three types of sulcus and their BCP images.
We applied 5-fold cross-validation and the result is shown in Fig.9 . From the result, we can see that 92 percentage of 50 central sulci are classified correctly from 150 subjects. The other two types of sulci also have over 80 percentage accuracy. This means BCP image is an efficient method to present meso-scale cortical surface. 
Discussion and Conclusion
In this paper, we used Bezier surface and its control points to represent the cortical patch folding pattern. Preliminary experiment results have shown that the BCP image is quite effective in representing patch folding. However, it should be pointed out that the 4*4 BCP image has limited capability in representing large and complex shape patterns. However, the resolution of the BCP image could be extended in the future for the purpose of representing more complex folding patterns. Fig.8 shows an example of using 8*8 BCP image to represent a larger surface patch. It can be seen that the folding shape pattern is clearly represented by the BCP image. In summary, the major contribution of this paper is the development of BCP image as a folding shape pattern descriptor. In this method, the variable shapes of surface patches are compactly and effectively encoded by the regular grids of BCP images. The classification of surface folding pattern problem is converted to a regular image pattern classification problem using the LPP projection method. Though this work and its results are preliminary, we believe this methodology has great potential to be extended for more complex cortical folding analysis in the future. This effective folding pattern representation methodology could be potentially used for many applications in cortical surface analysis such as automated parcellation and recognition of cortical surface, computational neuroanatomy, and clinical studies of brain diseases with abnormal cortical folding patterns.
